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[1] For simulations in basins where soil information is limited to soil type maps, a
methodology is presented to quantify the uncertainty of soil hydraulic parameters arising
from within-soil-class variability and to assess the impact of this uncertainty on soil moisture
modeling. Continuous pedotransfer functions were applied to samples with different texture
within each soil class to construct discrete probability distributions of the soil hydraulic
parameters. When propagating the parameter distributions through a hydrologic model, a
wide range of simulated soil moisture was generated within a single soil class. The
pedotransfer function was found to play a crucial role in assessing the uncertainty in the
modeled soil moisture, and the geographic origin of the pedotransfer function (region
specific versus nonregion specific) highly affected the range and shape of the probability
distribution of the soil hydraulic parameters. Furthermore, the modeled soil moisture
distribution was found to be non-Gaussian. An accurate uncertainty assessment therefore
requires the characterization of its higher-order moments. As an extension of this research,
we have shown that applying continuous region-specific pedotransfer functions to the central
point of a soil class is a better alternative to standard (often nonregion-specific) class
pedotransfer functions for determining an average set of soil hydraulic parameters.
Citation: Loosvelt, L., V. R. N. Pauwels, W. M. Cornelis, G. J. M. De Lannoy, and N. E. C. Verhoest (2011), Impact of soil hydraulic
parameter uncertainty on soil moisture modeling, Water Resour. Res., 47, W03505, doi:10.1029/2010WR009204.
1. Introduction
[2] Physically based, spatially distributed hydrologic
models are important tools for decision making and water
management. Unfortunately, these models require large
quantities of input data and parameters, which are subject to
uncertainty because of imperfect knowledge (epistemic
uncertainty) or because of inherent variability (variability
uncertainty) [Walker et al., 2003]. Soil hydraulic parameters
(SHPs) play a crucial role in hydrologic models as they
directly control the movement of water and water balance
partitioning. Furthermore, SHPs indirectly control the com-
ponents of energy balance through the available soil
moisture.
[3] There are several ways to determine soil hydraulic
parameters, which can be classified into direct and indirect
methods. The direct determination of SHPs results from lab-
oratory and field measurements. Among the indirect meth-
ods are (1) soil-class pedotransfer functions (PTFs) [e.g.,
Rawls et al., 1982; Cosby et al., 1984; Wösten et al., 1999],
(2) continuous PTFs [e.g., Vereecken et al., 1989; Rawls
and Brakensiek, 1985; Schaap et al., 1998], and (3) inverse
methods [e.g., Hopmans et al., 2002; Pauwels et al., 2009].
Each method comes with certain problems and uncertainties
for the modeler. In theory, direct measurement of soil prop-
erties provides the best approximation of the true parame-
ters, but at regional scale this procedure is not feasible
because of its time consuming and costly nature. Further-
more, the scale at which SHPs are measured is generally in-
compatible with the scale at which the hydrologic model is
applied [e.g., Grayson et al.,1992]. As a consequence, good
estimates instead of direct measurements may be used for
many applications. Therefore, researchers have often relied
on relationships between SHPs and soil texture by using
PTFs, which translate soil-related information into the
hydrologic parameters needed [Bouma, 1989]. Since such
relations are derived from experimental data under specific
conditions, they do not take into account the underlying
physical relation, and care should be taken when extrapolat-
ing these relations to other regions or ranges of data sets
[Cornelis et al., 2001].
[4] Soil-class PTFs link the soil class or measured soil
texture to a representative set of parameter values. How-
ever, one should be aware that soil classes themselves may
not represent the best possible way of classifying soils from
a hydraulic point of view, as demonstrated by Twarakavi
et al. [2010]. Irrespective of the classification system used,
uncertain parameters are always obtained because of mea-
surement error, imperfections in the predictive function, or
variability in texture. The substantial impact of textural var-
iability on the estimation of various soil hydraulic parame-
ters has been shown in the past [e.g., Twarakavi et al.,
2009] and is therefore important to take into account in
1Laboratory of Hydrology and Water Management, Ghent University,
Ghent, Belgium
2Department of Soil Management and Soil Care, Ghent University,
Ghent, Belgium
Copyright 2011 by the American Geophysical Union.
0043-1397/11/2010WR009204
W03505 1 of 16
WATER RESOURCES RESEARCH, VOL. 47, W03505, doi:10.1029/2010WR009204, 2011
hydrologic studies, since ignoring this uncertainty may
compromise hydrologic modeling by not consistently repre-
senting system behavior. Earlier research has studied tex-
tural variability within soil classes [e.g., Gutmann and
Small, 2005; Webb and Lilburne, 2005; Vachaud and
Chen, 2002; Bormann, 2008] and measurement uncertainty
[e.g., Tietje and Hennings, 1996; Finke et al., 1996] related
to hydrologic modeling.
[5] In practice, simulations are often performed in basins
where soil information is limited to soil type maps and
knowledge of the exact textural composition is lacking.
This forces modelers to rely on class PTFs for estimating
SHPs. Unfortunately, this approach creates the following
problems with respect to the simulation results: (1) the
uncertainty in SHPs because of within-soil-class variability
is not incorporated, and (2) nonregion-specific PTFs may be
used, resulting in unreliable SHPs. In this paper, both issues
are evaluated with respect to modeled uncertainty. The
main objectives are to assess uncertainty in the SHPs for
simulations in basins with unknown textural composition
and to investigate the impact of SHP uncertainty on model
prediction uncertainties. An additional objective is to inves-
tigate whether the central point of a soil class can be used to
generate a representative SHP set.
[6] In the method presented, SHPs are described by dis-
crete probability distributions obtained by repeatedly applying
PTFs to different textural compositions within a soil class.
The parameter range within one soil class is then applied in a
hydrologic model, and yields a discrete probability distribu-
tion of the soil moisture model output by means of ensemble
forecasting. This method differs from earlier research in three
ways: (1) the construction of SHP uncertainty does not rely
on experimental data but on SHPs predicted with continuous
PTFs for different textures within a soil class, (2) all moments
of the SHP probability distribution function are determined,
and (3) the interdependence of the different SHPs is taken
into account. This paper aims to answer the following ques-
tions: Do region-specific and nonregion-specific PTFs gener-
ate similar SHPs and corresponding uncertainties? How are
discrete SHP distributions translated into soil moisture uncer-
tainty within a soil class? What are the implications of the
simulated soil moisture distributions for data assimilation?
[7] Much attention will be given to the shape of the pa-
rameter probability distribution function (PDF), since this
has been shown to have significant influence on model
results [e.g., Benke et al., 2008]. It should be stressed, how-
ever, that this study only focuses on uncertainty arising
from textural variability within a soil class. The impact of
all other sources of uncertainty involved in hydrologic mod-
eling as discussed by Refsgaard and Storm [1996], includ-
ing topographic data, land cover parameters, meteorological
forcings, model structure, and the intrinsic uncertainty of
PTFs, is outside the scope of this study. In the context of
simulations in basins with unknown textural composition, it
would be useful for modelers to be able to make a quick
assessment of the mean system behavior within a given soil
class based on one simple representative SHP set, which
can be considered the best guess of the parameter values.
Usually, average values for the SHP are taken from litera-
ture and considered to be representative for the soil class,
without considering the geographical origin of those data.
The central point of a soil class could therefore serve as a
more reliable proxy to determine average SHP values for a
given soil class, since this allows the use of continuous
PTFs. In the literature, there is greater choice of continuous
PTFs that were developed for a specific region of interest
compared to class PTFs. An evaluation of the central point
is carried out with respect to the representativity of the gen-
erated SHPs to reproduce the average soil moisture behav-
ior within a given soil class.
2. Assessing the Soil Hydraulic Parameter
Uncertainty
[8] The basic assumptions in this study are as follows: (1)
no measurements of any soil characteristics are available, and
(2) the only soil related information is a soil type map. The
SHPs needed to construct the soil hydraulic model are, hence,
predicted from the soil class, which was defined according to
the USDA classification system. Consequently, these SHPs
were subject to a high uncertainty because of lack of knowl-
edge about the exact textural composition. It should be noted,
however, that incorporation of the uncertainty in the soil type
map was beyond the scope of this study.
2.1. Soil Hydraulic Model
[9] Hydrologic models require soil moisture retention
curves (SMRC) and hydraulic conductivity curves (HCC)
in order to express the relationship between the soil mois-
ture content  (m3 m3), the hydraulic head ’ (m) and the
hydraulic conductivity K (m s1). Within the hydrologic
model that was used in this study (i.e., TOPLATS [Fami-
glietti and Wood, 1994; Sivapalan et al., 1987; Peters-
Lidard et al., 1997a]) (see section 3.1), these relationships
are given by the closed-form analytical equations of Brooks
and Corey [1964]:
 ð Þ ¼r þ s  rð Þ  c

 
if > c
 ð Þ ¼s if  < c
ð1Þ
K ð Þ ¼ Ks  c
 2þ3
if > c
K ð Þ ¼ Ks if  < c
; ð2Þ
with r the residual soil moisture content, s the saturated
soil moisture content, c the bubbling pressure (m),  the
pore size distribution index, and Ks the saturated hydraulic
conductivity. These parameters are known as the SHPs. In
this study, the SHPs are predicted from basic soil properties
like soil texture, bulk density, and organic matter, by means
of continuous PTFs.
2.2. Prediction of SHPs Through Pedotransfer
Functions
[10] Numerous pedotransfer functions for predicting
SHPs have been proposed, reviewed, and evaluated over the
last decade [e.g., Tietje and Tapkenhinrichs, 1993; Wagner
et al., 2001; Nemes et al., 2009]. When relying on PTFs,
however, modelers should be aware of the accuracy and
reliability of the PTF used. The accuracy of a PTF is
assessed as the correspondence between measured and pre-
dicted data for the data set from which a PTF has been
developed. This is also called the intrinsic uncertainty of
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the PTF and has been shown to result in substantial SHP
prediction errors [e.g., McBratney et al., 2002; Minasny
and McBratney, 2002; Soet and Stricker, 2003]. The reli-
ability of a PTF can be defined as the correspondence
between measured and predicted data for data sets other
than the one used to develop the PTF. For a detailed discus-
sion of both characteristics, refer to Wösten et al. [2001].
[11] Incorporation of the intrinsic uncertainty of the PTF
was beyond the scope of this study. Nevertheless, the
impact of the reliability of a PTF on SHP uncertainty was
evaluated by comparing two PTFs derived from data sets
with different geographic origins. The PTFs of Rawls and
Brakensiek [1985, 1989], derived from 5320 samples of
1323 soils across the U.S.A., were chosen because they are
directly related to the SMRC and the HCC in the hydrologic
model (equations (1) and (2)) and are very frequently used.
The PTFs of Vereecken et al. [1989, 1990], derived from a
data set of 182 horizons of 40 Belgian soils, were selected
for comparison since in this study we apply the model to
Belgian weather and soil conditions (see section 3.1). Con-
sidering the similarity in soil and climatic features of the
region of PTF development and the region of PTF applica-
tion, the Vereecken et al. [1989, 1990] PTFs were assumed
to be more reliable for western European soils as has been
demonstrated by Cornelis et al. [2001] and Tietje and Tap-
kenhinrichs [1993]. In this study, the PTFs of Rawls and
Brakensiek [1985, 1989] and the PTFs of Vereecken et al.
[1989, 1990] can therefore be referred to as nonregion-
specific PTFs and region-specific PTFs, respectively.
2.2.1. PTF A: Nonregion-Specific PTF
[12] The Vereecken regression equations [Vereecken et al.,
1989, 1990], hereafter referred to as PTF A, were used to
predict  (m1), n, s, and r, which are the parameters of
the van Genuchten moisture retention curve [van Genuchten,
1980], and the saturated hydraulic conductivity Ks (Table 1).
Inputs for the PTFs are the sand content, clay content, and or-
ganic carbon content (%); and bulk density (g cm3). Since
no measurements were available, the organic carbon content,
C, was given a realistic and constant value for Belgian soils
of 1.5% [Sleutel et al., 2006]. The bulk density, D (g cm3),
was calculated based on the sand, clay, and organic matter
content following the procedure described by Saxton and
Rawls [2006]. With these parameters, the van Genuchten
retention curve [van Genuchten, 1980] was constructed from
which the Brooks and Corey parameters [Brooks and Corey,
1964], ’c and , were indirectly derived by fitting the Brooks
and Corey model to the van Genuchten retention curve.
[13] Since a regression is only valid for the conditions for
which the relation was developed, the application of PTF A
is limited to textures having a clay content < 56.46%, a silt
content < 80.07% and a sand content between 5.60% and
97.80% (Figure 1). One should be aware, however, that the
real textural data limitations may be even more strict.
2.2.2. PTF B: Region-Specific PTF
[14] Rawls and Brakensiek [Rawls and Brakensiek,
1985, 1989] presented one of the few multivariate PTFs
for predicting parameters of the Brooks and Corey model
(equations (1) and (2)) given the sand and clay content per-
centages and the porosity (Table 1). The porosity, P, was
calculated from the bulk density, D, and the particle den-
sity, d (%) as follows:
P ¼ 1  D
d
ð3Þ
Table 1. Model Parameters and Regression Equations of the Region-Specific (PTF A) and Nonregion-Specific
(PTF B) Pedotransfer Functionsa
Model Parameters Regression Equations
PTF Ab
r 0.015 þ 0.005  Clay þ 0.014  C
s 0.810  0.283  D þ 0.001  Clay
 exp ( 2.486 þ 0.025  Sand  0.352  C  2.617  D  0.023  Clay)
n exp (0.053  0.009  Sand  0.013  Clay þ 0.00015  Sand2)
Ks 1.1574.10
5  exp(20.62  0.96  ln(Clay)  0.66  ln(Sand)  0.46  ln(C)  8.43  D)
PTF Bc
’c exp (4.34 þ 0.18  Clay  2.48 P  2.14  103 Clay2  4.36  102 Sand  P  6.17  101 Clay  P
þ 1.44  103 Sand2  P2  8.55  103 Clay2  P2  1.28  105 Sand2  Clay
þ8.95  103 Clay2  P  7.25  104 Sand2  P þ 5.4  106 Clay2  Sand þ 0.50  P2  Clay)
 exp (0.78 þ 1.76  102 Sand  1.06  P  5.3  105 Sand2  2.73  103Clay2
þ1.11  P2  3.09  102 Sand  P þ 2.66  104 Sand2  P2  6.11  103Clay2  P2
 2.35  106 Sand  Clay þ 7.99  103 Clay2  P  6.74  103 P2  Clay)
s 1.16  102  1.47  103 Sand  2.24  103 Clay  P þ 0.98P þ 9.87  105 Clay2 þ 3.61  103 Sand  P
 1.09  102 Clay  P  0.96  104 Clay2  P  2.44  103 P2  Sand þ 1.15  102 P  Clay
r  1.82  102 þ 8.73  104 Sand þ 5.13  103 Clay þ 2.94  102 P  1.54  102 Clay2
 1.08  103 Sand  P  1.82.104 Clay2  P2 þ 3.07  104 Clay2  P  2.36  103 P2  Clay
Ks 2.78  106  exp (19.52  P  8.97 – 2.82  102 Clay þ 1.81  104 Sand2  9.41  3 Clay2  8.40  P2
þ 7.77  102 Sand  P  2.98  103 Sand2  P2  1.95  102 Clay2  P2 þ 1.73  105 Sand2  Clay
þ 2.73  102 Clay2  P þ 1.43  103 Sand2  P  3.5  106 Clay2  Sand)
as is the saturated soil moisture content (m
3 m3), r the residual soil-moisture content (m
3 m3), Ks the saturated hydraulic
conductivity (cm s1),  the pore size distribution, ’c the bubbling pressure (cm),  is a van Genuchten parameter and is related
to the inverse of the air entry suction (cm1), n is a van Genuchten parameter and is a measure of the pore size distribution,
D the bulk density (g cm3), C the organic carbon content (%), Clay the clay content (%), Sand the sand content (%), and P the
porosity.
bVereecken et al. [1989, 1990].
cRawls and Brakensiek [1985, 1989].
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[15] The particle density, d, was corrected for the organic
matter content, for which a density of 1.4  103 [g/cm3]
[Kaiser and Guggenberger, 2003; Mayer et al., 2004] was
assumed. The bulk density, D, was calculated following the
procedure as described by Saxton and Rawls [2006]. Applica-
tion of the Rawls and Brakensiek [1985, 1989] PTFs is lim-
ited to textures with clay and sand contents of 5–60% and
5–70%, respectively (Figure 1). For the remainder of this pa-
per, the Rawls and Brakensiek model is referred to as PTF B.
[16] Since both PTFs A and B were applied, all calcula-
tions are restricted to the overlapping validity range as
shown by the shaded area in Figure 1. The soil class silt (Si)
was excluded from the calculations because the area satisfy-
ing the limits on validity of the PTFs was very small. Other
classes were also truncated, but because a considerable por-
tion of the class was still covered they were included in the
study; the results only apply for the areas covered by the
overlap. The USDA texture classes that were considered in
this study are silty clay (SiCl), clay (Cl), silty clay loam
(SiClL), clay loam (ClL), sandy clay (SCl), sandy clay loam
(SClL), sandy loam (SL), loam (L), and silt loam (SiL).
2.3. Within-Soil-Class Variability of SHPs
[17] Each soil class contains a range of particle size distri-
butions, given by its sand (2–0.05 mm), silt (0.05–0.002
mm), and clay (< 0.002 mm) content, hence, within a soil
class, the SHPs are variable. In order to account for this vari-
ability, the USDA texture triangle was uniformly sampled
along a regular grid with a spacing of 1%, excluding the
samples that fall outside the valid area for PTF application
(Figure 1). The resulting number of samples per soil class is
given in Table 2. The SHPs for each sample were predicted
with either PTF A or PTF B, resulting in a discrete probabil-
ity distribution of each SHP per soil class, which was charac-
terized by its first four moments (mean, variance, skewness,
and kurtosis). The set of SHPs obtained with PTF A and
PTF B are referenced as respectively, SHPs-A and SHPs-B.
2.3.1. Mean and Standard Deviation
[18] The mean SHPs-A and SHPs-B for each soil class
are given in Tables 3 and 4 together with the corresponding
standard deviation, unit, which is expressed per unit area on
the texture triangle (defined as a square with a range of 1%
clay and 1% sand) in order to avoid poor standard deviation
statistics by truncating the soil class. For r and ’c, PTF A
gives consistently higher values in comparison to PTF B,
while for  the opposite is observed. For s and Ks, differen-
ces between PTF A and PTF B are inconsistent. Likewise,
the standard deviation of the SHPs within a soil class seems
to be highly dependent on the PTF used. In general, PTF B
results in larger standard deviations (Tables 3 and 4). These
findings demonstrate the large disagreements in predicted
SHPs between different PTFs, as was already reported by
Soet and Stricker [2003], Cornelis et al. [2001], and others.
[19] Figure 2 illustrates the relation between the textural
composition and the predicted Ks and ’c. From Figure 2, it
can be seen that both SHPs are affected by texture in
Figure 1. USDA texture triangle with indication of the boundary conditions on the PTFs of Rawls and
Brakensiek [1985, 1989] (gray full line) and on the PTFs of Vereecken et al. [1989, 1990] (gray dashed
line); the area of the particle size distributions considered in the study is shaded and the central point per
soil class is indicated with a gray dot.
Table 2. Number of Synthetically Generated Samples in the Nine
Truncated USDA Soil Classes Considered
Texture Class Samples
SL 328
SClL 373
SCl 231
L 392
ClL 364
SiL 622
SiClL 210
SiCl 106
Cl 574
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different ways, with large differences between the results of
the two PTFs. Depending on the soil class, the within-soil-
class variability of Ks and ’c is dominated by a variation in
either the sand or clay content. Sensitivity of the SHPs to
those variations is indicated by the density of the contour
lines. As can be seen from Figure 2, the sensitivity toward
texture of the SHPs largely depends on the choice of PTF.
In general, an increase in sensitivity can be observed with
increasing clay content. The differences in variability and
sensitivity of the SHPs in relation to soil texture can be
attributed to differences in geographic origin of the data
sets used to construct the PTFs, since the origin determines
the soil and climatic conditions (see section 2.2). Further-
more, the information content of both datasets may differ
with respect to the number of soil samples, the variability in
sampled textures, the methods used to measure the SHPs,
etc. These differences are reflected in the resulting regres-
sion equation (Table 1) and continue to exist in the behavior
of the SHPs in relation to soil texture. For example, s and
r are insensitive to sand content, according to PTF A,
whereas, in PTF B, the same parameters vary with the sand
content. This raises questions about the general applicability
of the standard PTFs (often nonregion specific) as it seems
that a crucial soil variable (e.g., soil structure) to allow for
nonregion-specific application is missing in the regression.
2.3.2. Shape of the Parameter Probability Density
Function
[20] Skewness (Skew) and kurtosis (Kurt), the third-and
fourth-order moments, respectively, characterize the shape
of a probability density function. The former is a measure
of the asymmetry, whereas the latter is a measure for the
peakedness of the distribution. In case skewness is absent
(Skew ¼ 0), the distribution is symmetric. A positive (neg-
ative) skewness indicates the presence of a long right (left)
tail, so few high (low) values are included. A distribution is
said to be Gaussian or normal if both the skewness and the
kurtosis (the latter with a correction of 3) are zero.
[21] Both characteristics were calculated for each SHP
PDF and are listed in Tables 5 and 6 for PTFs A and B,
respectively. From these tables, it can be seen that the PDF
of most SHPs does not represent a normal distribution.
Assuming a normal or lognormal distribution (i.e., only
defining the first 2 moments) for the SHPs would therefore
imply a loss of information. It seems that the shape of the
PDF is not only a function of the SHP itself, but also
depends on the soil class and choice of PTF. This is illus-
trated in Figure 3, showing the PDF of Ks and ’c for the
soil class ClL. This class is chosen because of its central
position on the soil texture triangle (no extreme textures). It is
clear that the PTFs result in both a different range of SHP val-
ues and a different shape of the SHP distribution. Therefore,
it can be stated that the selection of PTF is a crucial step in
assessing the uncertainty in the SHPs. If region-specific PTFs
are available, they are preferable since they are assumed to
generate more reliable SHPs than nonregion-specific PTFs.
Furthermore, the higher-order moments are required to accu-
rately describe the SHP PDF, since assuming a normal distri-
bution may not be representative for the SHP at hand.
3. Modeling the Impact of Soil Hydraulic
Parameter Uncertainty on Hydrologic Model
Predictions
[22] The constructed discrete probability distributions of
the SHPs were used to generate a number of hydrologic
Table 3. Mean and SD per Unit Area on the USDA Texture Triangle of the SHPs Predicted From PTF A for the Nine Selected Soil
Classes
Texture
s (m
3 m3) r (m
3 m3) ’c (m)  Ks (m day
1)
 unit  unit  unit  unit  unit
SL 0.45 1.16E-05 0.12 8.87E-05 0.27 1.13E-04 0.69 7.27E-04 0.28 7.03E-04
SClL 0.46 2.52E-05 0.20 6.56E-05 0.20 8.13E-05 0.28 1.82E-04 0.07 6.89E-05
SCl 0.48 5.59E-05 0.27 1.27E-04 0.24 3.18E-04 0.15 1.42E-04 0.05 5.84E-05
L 0.47 2.73E-05 0.15 8.04E-05 0.3 9.30E-05 0.46 4.14E-04 0.26 2.88E-04
ClL 0.49 3.44E-05 0.22 6.21E-05 0.36 2.39E-04 0.22 1.14E-04 0.20 2.81E-04
SiL 0.48 2.46E-05 0.13 5.50E-05 0.45 1.40E-04 0.57 3.02E-04 0.93 8.39E-04
SiClL 0.52 4.95E-05 0.22 1.08E-04 0.61 4.74E-04 0.25 2.15E-04 0.78 1.80E-03
SiCl 0.54 1.06E-04 0.28 1.76E-04 0.94 2.30E-03 0.17 1.94E-04 0.88 3.1E-03
Cl 0.52 3.69E-05 0.30 4.44E-05 0.73 6.66E-04 0.14 4.32E-05 0.26 4.34E-04
Table 4. Mean and SD per Unit Area on the USDA Texture Triangle of the SHPs Predicted From PTF B for the Nine Selected Soil
Classes
Texture
s (m
3 m3) r (m
3 m3) ’c (m)  Ks (m day
1)
 unit  unit  unit  unit  unit
SL 0.44 3.49E-05 0.07 6.35E-05 0.13 1.29E-04 1.79 5.54E-04 0.97 1.70E-03
SClL 0.44 4.51E-05 0.10 2.12E-05 0.13 1.28E-04 1.22 5.14E-04 0.47 1.00E-03
SCl 0.49 1.34E-04 0.11 7.32E-06 0.19 2.82E-04 0.76 6.98E-04 0.08 3.30E-04
L 0.46 3.61E-05 0.08 4.26E-05 0.24 1.67E-04 1.58 4.53E-04 0.22 3.35E-04
ClL 0.50 5.55E-05 0.10 1.71E-05 0.36 2.61E-04 1.15 3.83E-04 0.05 7.64E-05
SiL 0.49 2.84E-05 0.06 3.20E-05 0.41 1.53E-04 1.62 2.34E-04 0.10 1.07E-04
SiClL 0.54 7.89E-05 0.10 3.40E-05 0.56 2.47E-04 1.23 4.84E-04 0.03 3.29E-05
SiCl 0.58 1.89E-04 0.11 2.38E-05 0.67 5.06E-04 1.00 6.22E-04 0.01 2.48E-05
Cl 0.57 5.92E-05 0.11 3.44E-06 0.53 2.79E-04 0.78 2.43E-04 0.02 1.44E-05
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model forecasts (equal to the number of texture samples
given in Table 2) by drawing a combination of parameters
from the distributions, on the basis of random sampling.
The SHP PDFs were not sampled individually to preserve
the correlation between SHPs. We evaluated how the shape
of the SHP PDF translated into the PDF of modeled soil
moisture. We compared model prediction uncertainties
resulting from SHPs-A and SHPs-B.
Figure 2. (top) Contour plot of the logarithm (log10) of the saturated hydraulic conductivity Ks pre-
dicted with (a) PTF A and (b) PTF B. (bottom) Contour plot of the bubbling pressure ’c predicted with
(c) PTF A and (d) PTF B. The soil class clay loam is highlighted in gray.
Table 5. Skewness and Kurtosis of the SHPs Predicted From PTF A for the Nine Selected Soil Classes of the USDA Texture Triangle
Texture
s (m
3 m3) r (m
3 m3) ’c (m)  Ks (m day
1)
Skew Kurt Skew Kurt Skew Kurt Skew Kurt Skew Kurt
SL 0.10 0.59 0.11 1.27 0.12 0.36 0.19 1.21 1.09 0.20
SClL 0.32 0.79 0.05 1.11 0.13 0.94 0.49 0.82 0.38 0.73
SCl 0.07 0.58 0.57 0.61 1.17 1.62 0.23 0.99 0.52 0.32
L 0.64 0.43 0.27 1.00 0.46 0.31 0.88 0.17 0.97 0.84
ClL 0.18 0.74 4.55E-14 1.21 0.46 0.67 0.24 1.05 0.68 0.53
SiL 0.30 0.86 0.18 1.08 0.37 0.93 0.29 1.08 0.96 0.19
SiClL 0.13 0.63 3.63E-14 1.21 0.42 0.40 0.25 1.04 0.78 0.43
SiCl 0.18 0.60 0.57 0.62 1.00 0.74 0.28 0.81 0.27 1.07
Cl 0.37 0.63 0.17 1.16 1.17 0.88 0.28 0.89 2.19 5.72
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3.1. Hydrologic Model and Data Description
[23] The hydrologic model used in this study is TOP-
LATS, the TOPMODEL-Based Land-Atmosphere Transfer
Scheme [Famiglietti and Wood, 1994; Sivapalan et al.,
1987; Peters-Lidard et al., 1997]. TOPLATS was run at
the point scale on coordinates 50.89N and 4.09E, for
which bare soil conditions were assumed. For this location,
the soil corresponds to the USDA class L. The texture,
however, was not fixed but was varied within the simula-
tion experiment. Belgian weather conditions were consid-
ered: a temperate climate with an annual mean temperature
of 11.5 C and a total annual rainfall of 750 mm, quite uni-
formly distributed throughout the year. In order to run the
hydrologic model, a set of meteorological variables, meas-
ured at a nearby meteorological station during the year
2006, was used. The SHPs were derived following the
methodology described in section 2.2. The vegetation pa-
rameters were determined from the land cover classification
(in this case bare soil) following Peters-Lidard et al.
[1997] and the base flow parameters were taken from
Samain et al. [2011]. The simulated soil moisture content
for the upper soil layer (5 cm) was validated with in situ
soil moisture measurements taken at the simulation point at
2.5 cm depth between May 13 and May 30, 2007 (not
shown).
3.2. Modeling Prediction Uncertainty Through
Ensemble Forecasting
[24] In order to assess uncertainty in the model states or
model output, an ensemble of model runs was performed,
for which each ensemble member differed from other mem-
bers only in its SHPs. Such an ensemble was constructed
for each selected USDA soil class (see section 2.2) by
attributing the SHPs of each texture sample within the soil
class (see Table 2) to the point for which TOPLATS was
run. Each model run resulted in a time series of simulated
daily soil moisture content, daily, within the upper 5 cm of
the soil. The procedure was performed using SHPs-A and
SHPs-B. This resulted in two different ensembles of daily
per soil class, and is illustrated in Figure 4 with a spaghetti
plot of the different ensemble members for the classes SL
(328 ensemble members) and SiCl (106 ensemble mem-
bers). These two classes were chosen since they represent
two extremes on the texture triangle (Figure 1). A window
of 70 days, starting from day of year (DOY) 200 (i.e., 19
July) up to DOY 270 (i.e., 27 September), was selected to
properly visualize the behavior of each ensemble member.
[25] From Figure 4, it can be seen that (1) there is a sub-
stantial impact of within-soil-class variability of SHPs on
the modeled soil moisture and (2) there are large differen-
ces with respect to the predicted value, the dynamics, and
Table 6. Skewness and Kurtosis of the SHPs Predicted From PTF B for the Nine Selected Soil Classes of the USDA Texture Triangle
Texture
s (m
3 m3) r (m
3 m3) ’c (m)  Ks (m day
1)
Skew Kurt Skew Kurt Skew Kurt Skew Kurt Skew Kurt
SL 0.01 0.55 0.11 1.23 0.63 0.08 0.29 1.10 0.62 0.71
SClL 0.28 0.73 0.42 0.85 0.42 0.841 2.40E-03 1.06 1.26 1.04
SCl 0.51 0.32 1.32 1.18 0.14 0.68 0.16 0.91 1.58 2.67
L 0.80 0.05 0.59 0.68 0.78 0.06 0.20 1.08 0.65 0.50
ClL 0.12 0.62 0.43 0.85 0.12 1.08 0.15 0.97 1.21 1.20
SiL 0.31 0.70 0.06 1.11 0.08 0.94 0.10 0.94 1.52 2.23
SiClL 0.12 0.73 0.27 1.11 0.14 0.74 0.06 1.15 0.53 0.49
SiCl 0.43 0.51 0.12 1.07 0.03 0.49 0.30 0.81 0.01 0.99
Cl 0.10 0.75 0.39 0.82 0.09 1.08 0.31 0.60 1.52 2.34
Figure 3. Probability distribution of (a) the saturated hydraulic conductivity, Ks, and (b) the bubbling
pressure ’c, predicted with PTF A (gray) and PTF B (white) for the soil class clay loam.
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the range of the ensembles between PTFs A and B. For the
soil class SL it is apparent that all ensemble members
resulting from SHPs-B predict lower soil moisture values
than those resulting from SHPs-A. Additionally, the use of
SHPs-B results in a much higher density of ensemble mem-
bers, whereas SHPs-A produce a more uniform distribution
of the ensemble members. The PTF also affects the dynam-
ics in the predicted soil moisture, as can be seen from the
spaghetti plot of SiCl (Figure 4). Despite better correspon-
dence in average simulated soil moisture, SHPs-B cause a
faster wetting and drying of the soil as compared to the
dynamic in daily resulting from SHPs-A. The intensity of
fluctuations in soil moisture is related to the shape of the
SMRC and the HCC (see section 2.1). For each set of SHPs
in the ensemble, both curves were constructed and are
shown in Figure 5. It is clear that the SMRC is more non-
linear for SHPs-B than for SHPs-A. The difference in
SMRC between the region- and nonregion-specific PTFs is
most apparent for SiCl (mainly because of the discrepancy
in r, Tables 3 and 4).
[26] All ensemble members were averaged in time in
order to obtain a single value per PTF application, referred
to as the average simulated soil moisture content avg, for
each sample on the texture triangle. This model output was
Figure 4. Spaghetti plots of the 2006 daily simulated soil-moisture content, daily, for sandy loam (SL)
and silty clay (SiCl) with the SHPs predicted from PTF A and PTF B; the ensemble mean is indicated
with black dots.
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projected on the texture triangle, resulting in a contour plot
as shown in Figure 6. In this way, the sensitivity of the
model output to soil texture, as a result of the joint sensitiv-
ity of the SHPs to texture, was deduced. As can be seen
from Figure 6, avg resulting from SHPs-A decreases with
decreasing clay content and is nearly unaffected by the
sand content. When using SHPs-B, however, both a
decrease in clay content and an increase in sand content
cause a reduction of avg. From the density in contour lines,
it can be derived that the within-soil-class variability of
avg increases for a decreasing clay content for SHPs-A,
whereas the opposite is observed when using SHPs-B.
These results reflect the empirical relationships between
the SHPs and textural composition (Table 1). For example,
the insensitivity of s and r to sand content determines the
dominant influence of clay content on simulated soil mois-
ture in PTF A.
3.2.1. Ensemble Statistics
[27] The statistics of the ensembles of daily were further
analyzed through their moments. The first four moments of
a PDF at day i are given by the ensemble mean, Meani ; the
ensemble variance or spread, Spreadi ; the skewness,
Skewi ; and the kurtosis, Kurti.
3.2.2. Mean and Spread
[28] The temporal behavior of the ensemble mean and
the ensemble spread for daily is illustrated for the classes
SL and SiCl in Figure 7, which clearly demonstrates the
impact of the PTF on fluctuations in mean predicted soil
moisture. As explained earlier, these differences in fluctua-
tion can be attributed to the different shapes of the SMRCs
(see Figure 5). The evolution of the ensemble spread is also
affected by the choice of PTF, but its extent depends on the
soil class considered. Fluctuations in both the ensemble
mean and spread are closely related to the precipitation re-
gime. When rainfall events occur, water tension decreases
and eventually drops below the bubbling pressure. When
’ ¼ ’c, a turning point is clearly visible in both the SMRC
and HCC (Figure 5). At this point, the soil moisture equals
s and the hydraulic conductivity is Ks. If ’ < ’c, there is
substantially less spread in HCC than there is when
’ > ’c. A rainfall event is therefore generally accompa-
nied with a decrease in ensemble spread.
Figure 5. (left) Ensemble (328 members) of (a) soil-moisture retention curves and (c) hydraulic con-
ductivity curves, for the soil class sandy loam resulting from application of PTF A (dark gray) and PTF
B (light gray). (right) Ensemble (106 members) of (b) soil-moisture retention curves and (d) hydraulic
conductivity curves, for the soil class silty clay resulting from application of PTF A (dark gray) and PTF
B (light gray). Ensemble means are indicated with black dots.
W03505 LOOSVELT ET AL.: SOIL HYDRAULIC PARAMETER UNCERTAINTY W03505
9 of 16
[29] For avg, the mean and standard deviation per unit
area on the texture triangle were calculated for each soil
class and are listed in Table 7. Table 7 shows that avg
obtained with SHPs-A are consistently higher than when
SHPs-B were used. Nevertheless, the differences are small-
est for the soil classes with low sand content (SiL, SiClL,
SiCl, and Cl). In general, the standard deviation of avg is
slightly higher when SHPs were predicted with PTF B. This
could be expected because of the higher standard deviation
associated with SHPs-B compared to SHPs-A (see section
2.3.1). The consistent underestimation of soil moisture
obtained with the nonregion-specific PTF (PTF B) as com-
pared to the region-specific PTF (PTF A), indicates that this is
not purely by chance. It can therefore be argued that there is a
fundamental difference between the region- and nonregion-
specific PTFs.
3.2.3. Skewness and Kurtosis
[30] As mentioned in section 2, the skewness and kurto-
sis characterize the shape of a distribution. The evolution of
both statistics in time for daily can be found in Figure 7. It
can be seen that often there is wide variation in the shape of
the PDF through time, but the evolution over time depends
on the PTF used and on the soil class considered. In gen-
eral, the distribution deviates from normality with either a
too flat or too skewed distribution. The evolution in PDF
shape can be linked to the precipitation regime but fluctua-
tions are not always as wide as those in the ensemble mean.
For the SiCl soil, skewness and kurtosis are more stable
than for the SL soil ; this implies a steadier evolution of the
soil-moisture distribution. A possible explanation for this
can be found in the shape of the HCC, which is less nonlin-
ear for SiCl than for SL (Figure 5).
[31] The skewness and kurtosis for avg are given in
Table 7, for the model run with both SHPs-A and SHPs-B.
From these values, it can be seen that when using SHPs-B
the distribution of avg tends to result in a positively skewed
and flattened distribution, whereas for SHPs-A the distribu-
tion is either positively or negatively skewed depending on
the soil class. Figure 8 shows the discrete distribution of
avg for the soil class ClL (highlighted in Figure 6). This
class is chosen because of its central position on the texture
triangle (no extreme textures). It can be seen that the choice
of PTF for predicting the SHPs has a substantial impact on
(1) the absolute value of the predicted soil moisture, (2) the
range of simulated soil moisture, and (3) the shape of the
soil-moisture distribution. Selecting the most reliable PTF
is therefore a crucial step when assessing the uncertainty in
the modeled soil moisture since differences between region-
and nonregion-specific PTFs remain after propagating the
SHP PDFs through the hydrologic model.
3.3. Implications for Data Assimilation
[32] The aforementioned findings provide some sugges-
tions for data assimilation applications. State estimation
through data assimilation typically assumes Gaussian fore-
cast errors. However, as can be observed from Figure 7, the
state variable daily is nonnormally distributed throughout
the entire simulation period. In addition, because of the non-
linear behavior of the system, fluctuations in the shape of
the state’s PDF occur when propagating through the model,
especially when rain events or long drought periods occur.
Suppose that the state’s PDF is approximated by a normal
distribution; much of the information on the modeled state
would be lost since the PDF cannot be fully represented by
its mean and variance. This is illustrated in Figure 9, which
shows the probability distribution of daily in a SiCl soil on a
wet day (DOY 215) and on a dry day (DOY 260). The cor-
responding normal distribution is plotted on top of the em-
pirical distribution. From Figure 9, it can be seen that,
because of the skewness, the density in low soil-moisture
values is underestimated when assuming a normal distribu-
tion, especially when dealing with dry conditions. Neverthe-
less, it is difficult to generalize the impact of the Gaussian
error assumption considering the profound influence of the
parameter prediction method on model output distribution.
Consequently, nonlinear filters accounting for nonnormal
Figure 6. Contour plot of the average simulated soil-moisture content, avg, using the SHPs predicted
from (a) PTF A and(b) PTF B. The soil class clay loam is highlighted in gray.
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distributions and nonlinear systems should be used. Apply-
ing methods that rely on normal error assumptions may
compromise the performance of the assimilation algorithm
in such cases.
4. Evaluation of the Central Point as a Proxy for
Soil Class
[33] We examined whether the central point (CP), corre-
sponding to the center of gravity of a soil class, could serve
as a representative point from which to (1) generate a best
guess SHP set and (2) generate the average behavior in
modeled soil moisture content. The resulting SHPs and
modeled soil moisture were compared to the common prac-
tice of using average soil class SHPs from literature.
4.1. Representative Soil Hydraulic Parameters
[34] For each of the nine selected soil classes, the CP
was determined with respect to the limits on the PTFs (Fig-
ure 1). The textural information of the CP was used as input
for PTFs A and B, which resulted in two sets of SHPs (Fig-
ure 10). These SHPs were compared to the mean predicted
SHPs of the corresponding soil class (as can be found in
Tables 3 and 4). Given their close correlations (not shown),
the CPs can be considered good proxies for the average
SHPs per soil class. Furthermore, the SHPs of the CPs are
mostly located near the center of the total range in pre-
dicted SHPs. In order to assess the impact of PTF limits on
performance of the CP, the CPs corresponding to the full
area of the soil classes falling partly or completely outside
Figure 7. Time series of the ensemble mean, spread, skewness, and kurtosis for the 2006 simulated
soil-moisture content, daily. Results are given for the soil classes sandy loam (black) and silty clay
(gray) using the SHPs predicted from PTF A (solid line) and PTF B (dotted line).
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the valid area on the texture triangle were determined. The
corresponding SHPs were calculated and compared to the
mean SHPs of the full soil class. Again, the CP was found
to be representative for the soil class (not shown), from
which it can be assumed that irrespective of the area on the
texture triangle covered by the soil class, the CP performs
well to generate a representative set of SHPs. Nevertheless,
one should be aware that because of the complexity and the
nonlinearities in the relationships between the SHPs and
soil texture, the CP may not correspond to the real central
point in terms of hydraulic properties.
[35] An alternative and more common way to determine
a best guess SHP set is to take average values from litera-
ture. Frequently used literature values are those reported by
Rawls et al. [1982] and Meyer et al. [1997] (based on data
sets from the United States); these are shown in Figure 10.
From Figure 10, it can be seen that the literature values of-
ten fall outside the range of SHPs predicted with the contin-
uous PTFs; for s especially there is a large deviation. For
some SHPs, like r and Ks, the literature values agree more
with SHPs-B than with SHPs-A, while for other parameters,
like , the opposite is observed. Also note the significant
disagreement among the literature sources themselves, for
example, in the value of Ks for SiCl. These observed differ-
ences highlight the relevance of the reliability of continuous
and class PTFs for determining a representative set of
SHPs. In this context, the CP can serve as a tool to construct
a more reliable average set of SHPs than those derived from
class PTFs. In literature, there is a wider choice of continu-
ous PTFs compared to class PTFs. Most PTFs that were
developed for a specific region are continuous.
4.2. Average Soil Moisture Behavior
[36] TOPLATS was run with the two parameter sets of
the CP, as obtained from PTFs A and B. The resulting aver-
age soil-moisture content, avg, is shown in Figure 10 and
was compared to the mean prediction of avg from Table 7.
This comparison pointed out that the CP is a good proxy for
the mean avg within a given soil class. From Figure 10, it
can be seen that the model output with the CP tends to be
situated near the central part of the total range of model out-
puts. For the CP of the classes SiL, SiClL, SiCl, and Cl, the
difference in generated soil moisture between the region-
and nonregion-specific PTFs is relatively small given the
large difference in their predicted SHPs. For the other
classes, the discrepancy between both model outputs is
large, with only a small overlap in the range of predicted
soil moisture. The average simulated soil moistures obtained
with the literature-based SHPs are also shown in Figure 10.
By analogy with the CP, it can be said that in contrast to the
huge differences in SHPs, the differences in model output
are minor. For many soil classes, the SHPs of Meyer et al.
[1997] and Rawls et al. [1982] yield similar soil moisture
contents and more or less fall within the range of predicted
SHPs-B. These findings put the physical meaning of SHPs
into perspective and tend to characterize the SHPs as fitting
parameters rather than as physical parameters. Nevertheless,
large differences among the parameter prediction methods
remain, especially for soils with high sand content.
[37] To assess whether the CP is also a good representa-
tion of the average temporal behavior in soil moisture, a
window within the time series of daily for the CP of the soil
class ClL (chosen because of its central position on the
texture triangle) is shown in Figure 11, together with the
corresponding ensemble mean. It can be seen that the appli-
cation of the CP in the SHPs agrees well with the ensemble
mean and is able to capture all fluctuations in the mean
soil-moisture content. Note that not all soil classes show the
Table 7. Mean, SD per Unit Area on the Texture Triangle, Skewness, and Kurtosis of the Average Simulated Soil-Moisture Contenta
for the Nine Selected USDA Classes Using the SHPs Predicted From PTF A and PTF Ba
Texture
avg (m
3 m3) With SHPs From PTF A avg (m
3 m3) With SHPs From PTF B
 unit Skew Kurt  unit Skew Kurt
SL 0.25 1.644E-04 0.03 1.30 0.13 6.24E-05 0.13 0.68
SClL 0.36 6.96E-05 0.26 1.02 0.20 7.79E-05 0.25 0.78
SCl 0.42 9.53E-05 0.48 0.72 0.30 2.51E-04 0.71 0.22
L 0.30 1.22E-04 0.52 0.77 0.19 9.31E-05 0.16 0.88
ClL 0.39 6.48E-05 0.14 1.15 0.28 9.26E-05 0.07 0.73
SiL 0.25 8.54E-05 0.05 1.11 0.21 6.83E-05 0.07 0.93
SiClL 0.38 1.33E-04 0.12 1.10 0.32 1.32E-04 0.02 1.03
SiCl 0.44 1.76E-04 0.49 0.66 0.40 2.53E-04 0.48 0.65
Cl 0.46 3.79E-05 0.10 1.05 0.40 8.63E-05 0.22 1.01
aWithin the upper 5 cm of the soil during the year 2006.
Figure 8. Probability distribution of the average simu-
lated soil-moisture content, avg, using the SHPs predicted
from PTF A (gray) and PTF B (white) for the USDA soil
class clay loam.
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same perfect pattern, though the match between the CP and
the mean appears to be very good. Irrespective of the PTF
used, the CP seems to represent the average behavior in
simulated soil moisture within a given soil class. The time
series of daily obtained with the SHPs from Meyer et al.
[1997] and Rawls et al. [1982] are quite different from
those obtained with the CP. The former show more or less
the same behavior in daily as in SHPs-A, but are shifted to-
ward lower soil-moisture values (Figure 11). Despite the
similar mean avg, the literature-based SHPs are unable to
generate a similar evolution in daily as that obtained with
SHPs-B. The former result in a more gradual wetting and
drying of the soil with less extremes in the high and low
soil-moisture values. These findings underline the need for
a reliable estimation of SHPs in hydrologic modeling since
SHPs have significant impact on modeled soil moisture and
standard values for the SHPs may be inappropriate.
5. Conclusions
[38] The incorporation of uncertainty in model parameters
is important for correct representations of the hydrologic
model response. Unfortunately, modeling of uncertainty is
not a standard practice in hydrologic modeling and there is a
lack of framework for assessing parameter uncertainty and
propagating the uncertainty through the model.
[39] In this paper, we dealt with two uncertainty issues
related to simulations in basins where soil information is
limited to a soil type map: (1) within-soil-class variability
of SHPs, and (2) reliability of the PTF (region specific ver-
sus nonregion specific) used to estimate the SHPs. A meth-
odology was presented to quantify the uncertainty in SHPs
arising from the textural variability within soil classes and
to propagate SHP distribution through a hydrologic model
with conservation of its higher-order moments. The inten-
tion of the proposed method was not to provide the true
SHP uncertainty, but to give a reliable estimate of uncer-
tainty based on the application of continuous region-specific
PTFs. The method was illustrated by means of a synthetic
experiment. We have shown that the resulting SHP PDFs
were nonnormally distributed, irrespective of the PTF used.
However, a nonregion-specific PTF resulted in substantially
different SHP uncertainty in comparison with a region-
specific PTF, in terms of (1) the absolute SHP values, (2)
the range in predicted SHPs, and (3) the shape of the distri-
bution. These differences could be attributed to, among other
factors, different numbers of samples in the data set, the geo-
graphic origin of the soil data (determining the climatic and
soil conditions), and the methods used to measure the SHPs.
Selecting the PTF is therefore a crucial step when assessing
the uncertainty in SHPs. If region-specific PTFs are available,
they are preferable over standard (often nonregion-specific)
PTFs. In any case, PTFs remain poor predictors as long as
the structure of the soil is not incorporated in the regression.
[40] The SHP PDFs were applied in a hydrologic model
and were found to result in nonnormal distributions of the
simulated soil-moisture content. Especially under very dry
conditions, this nonnormality was found to be significant. A
representative characterization of the uncertainty, hence,
requires that higher-order moments of the distribution are
taken into account. With respect to the application of data
assimilation algorithms this implies that nonlinear filters
should be used to account for nonnormal error distributions
since neglecting the higher-order moments of the state’s
PDF may compromise assimilation results. In general, a
substantial impact of the within-soil-class variability of
SHPs on modeled soil moisture was observed. However,
there were large differences between the region- and nonre-
gion-specific PTFs with respect to the modeled soil-mois-
ture uncertainty. These differences could be linked to the
shape and spread of the SMRC and HCC. The consistent
underestimation of soil moisture obtained with nonregion-
specific PTFs as compared to region-specific PTFs sug-
gested a fundamental deficiency in the regression equation
in accounting for differences between soils from different
geographic origins. It could therefore be argued that the
choice of PTF is a crucial step when assessing the uncer-
tainty in soil moisture since differences between PTFs
remain after propagating their SHPs through a hydrologic
Figure 9. Probability distribution of the 2006 simulated soil-moisture content, daily, using the SHPs
predicted from PTF A (gray) and PTF B (white), in a silty clay soil on (a) a wet day (DOY 215) and (b)
on a dry day (DOY 260). The full black line shows the corresponding normal distribution.
W03505 LOOSVELT ET AL.: SOIL HYDRAULIC PARAMETER UNCERTAINTY W03505
13 of 16
model. Furthermore, an accurate computation of the PDF
(including elements of nonlinearity and nonnormality) is
important if the uncertainty in soil-moisture content needs
to be modeled accurately.
[41] In an analogy to common practice, a best guess SHP
set was generated to obtain a quick assessment of the mean
system behavior, using soil type information. Therefore,
the CP, which corresponds to the center of gravity of a soil
class, was selected as a representative texture sample for a
given soil class. The SHPs of the CP were corresponded
well with the mean SHPs of the soil class. Furthermore, the
CP was found to represent the average behavior in modeled
Figure 10. Range of the SHPs and avg within each USDA soil class as predicted from PTF A (solid
line) and PTF B (dotted line) with indication of the SHP for the central point (CP). Results are compared
to standard SHPs reported by Rawls et al. [1982] and Meyer et al. [1997].
W03505 LOOSVELT ET AL.: SOIL HYDRAULIC PARAMETER UNCERTAINTY W03505
14 of 16
soil-moisture content. Values for SHPs reported by Rawls
et al. [1982] and Meyer et al. [1997] could not capture ei-
ther the average soil moisture or the fluctuation in soil-
moisture behavior obtained with the best guess SHPs. From
these findings, we conclude that the CP is a useful tool to
generate a more reliable behavior of mean soil moisture as
compared to the standard class PTFs, since the CP allows
for the use of continuous PTFs. In literature, there is a
wider choice of the latter, and such PTFs are often avail-
able for a specific region of interest.
[42] In the future, more attention should be paid to appro-
priately addressing SHP uncertainty as a result of within-
soil-class variability, since this generates a substantial
amount of uncertainty in modeled soil moisture. Research
should aim to develop methods that allow for fast and accu-
rate assessment of uncertainty since current methods are
time consuming and, hence, not feasible in practice. How-
ever, to obtain reliable estimates of uncertainty on the
hydrologic model output, a reliable PTF needs to be selected
and the PDF output need to be fully characterized (including
the higher-order moments). When used in a data assimila-
tion framework, it would be useful to assess the impact of
the higher-order moments on assimilation results.
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